The filamentous fungus Fusarium graminearum causes devastating crop disease and 24 produces harmful mycotoxins worldwide. Understanding F. graminearum transcriptional 25 regulatory networks (TRNs) is vital for effective disease management. Although many 26 transcriptional regulators have been functionally characterized, knowledge of F. 27 graminearum dynamic TRNs remains quite limited. Here, we inferred global TRNs for F. 28 graminearum by applying a probabilistic method, "module networks", using F. graminearum 29 transcriptomic data and 170 phenotype-associated transcription factors (TFs) as candidate 30 regulators. The inferred TRNs contain 49 regulatory modules that show condition-specific 31 gene regulation. Through a robust validation based on multiple types of evidence, our 32 network prediction displayed high accuracy and concordance with existing knowledge, 33 highlighted by its accurate capture of the well-known trichothecene gene cluster. We 34 developed a computational method to evaluate the associations between modules and 35 phenotypes and discovered subnetworks responsible for fungal virulence, sexual reproduction 36 and mycotoxin production. We also found a clear compartmentalization of TRN modules in 37 core and lineage-specific genomes in F. graminearum, reflecting the evolution of the TRNs 38 in fungal speciation. With novel information in network rewiring and improved network 39 resolution compared to previous networks, this first system-level reconstruction of 40 filamentous fungal TRNs provides novel insights into the intricate networks of gene 41 regulation that underlie key processes in F. graminearum pathobiology and offers promise 42 for the development of improved disease control strategies. 43 44 Keywords: Fusarium graminearum, TRNs, dynamic network, systems biology, transcription 45 factor, head blight 46 47 48 Fusarium graminearum is a cosmopolitan fungal pathogen causing devastating diseases on 49 cereal crops. Understanding transcriptional regulation mechanisms in host-pathogen 50 interactions is critical to disease management but has been limited due to commonly used 51 reductionist or co-expression approaches. For the first time, we reconstructed global and 52 dynamic TRNs in a plant pathogenic fungus, identifying top regulators, target genes and the 53 conditions under which the regulation takes place. Harnessing the power of computational 54 modeling and big genomic data to infer causal fungal gene regulatory relationships, this work 55 improves our understanding of the pathogen pathobiology and expedites the future 56 development of precision disease control strategies. 57 58
IMPORTANCE INTRODUCTION 59
Agricultural plants worldwide commonly suffer from devastating diseases caused by 60 pathogenic fungi (Agrios, 2005) , threatening food safety and human survival amid increasing 61 global climate change. Fusarium head blight (FHB) caused by Fusarium graminearum (Fg) 62 is a serious disease of cereal crops, reducing yield and polluting the grains with mycotoxins 63 such as deoxynivalenol (DON) and zearalenone (ZEA) (Leslie et al., 2006) . FHB 64 pathogenesis is tightly controlled by host and pathogen gene regulatory networks (GRNs). 65
For example, genes involved in Fg growth, infection and secondary metabolism are subject to 66 fine regulation (Ma et al., 2013) . Numerous studies have demonstrated that the expression of 67
Fg genes related to pathogenesis, such as those encoding effectors (Brown et al., 2017) and 68 cell wall-degrading enzymes (Carapito et al., 2008) , is induced in planta but suppressed in data on protein interactions and sequence similarity to study the networks important for 94 virulence (Lysenko et al., 2013) . While integrating multiple sources of evidence is an 95 improvement, it still relies on co-expression evidence and does not prove actual regulatory 96 reassigned each gene to the module whose program best predicted its behavior. These two 144 steps were iterated until convergence was reached using the expectation maximization (EM) 145 algorithm, thereby returning the predicted regulatory modules containing a set of regulators 146 and target genes. Each module was represented as a decision tree that specified the conditions 147 under which target genes were regulated by a particular regulator and whether the regulation 148 was positive or negative (Segal et al., 2003) . The search process was repeated three times, 149 and the same modules and regulation programs were returned. 150
Validation of module networks 151
The predicted modules were first validated based on the consistency between regulator 152 phenotypes and target gene expression. Based on three major phenotypes of Fg, each module 153 was evaluated for consistency between the regulator phenotype and the experimental 154 conditions using the following three validation points: 1) sexual reproduction; 2) virulence; 155 and 3) mycotoxin production. To quantify the consistency of the evaluation, we developed a 156 scoring function (named Score vp ) for each validation point; this function was defined as 157 Score vp =M c / N c 158 N c represents the total number of conditions included in this study, and Mc represents the 159 number of conditions under which the regulator phenotype was matched with a 160 corresponding condition directly related to the phenotype. 161
The regulatory modules were also validated based on conservation of Fg and S. cerevisiae TF 162 binding site (TFBS). First, the 500-bp sequence upstream of the Fg genes of each module 163 was extracted, and the MEME algorithm (Bailey et al., 2009 ) was used to search for 164 conserved sequence motifs. The top five enriched motifs (ranked by E-value) were 165 considered the candidate TFBS of each regulatory module. Each enriched TFBS was then 166 compared to the YEASTRACT database of S. cerevisiae using Tomtom (Bailey et al., 2009) to 167 find the conserved TFBS in budding yeast. The top conserved yeast motif for each Fg TFBS 168 was then selected. With the existing knowledge of yeast TF-TFBS associations, the 169 conserved yeast motifs identified through Tomtom identified corresponding TFs, which were 170 denoted as "motif-deduced TFs" (MTFs). Second, to examine how many of these TFBS are 171 potentially recognized by conserved TFs in Fg and S. cerevisiae, a BLASTp search was 172 conducted in which the Fg regulators in each module were searched against the S. cerevisiae 173 genome to find regulator orthologs (E-value < 1e-5); these were defined as "orthologous 174
TFs" (OTFs). The OTFs were overlapped with MTFs to find conserved TFs that also 175 potentially bind to conserved TFBS enriched in Fg regulatory modules. Based on the two 176 separate analyses, a score was assigned to quantify the motif validation performance of each 177 module: 178
M o represents the number of motifs that showed conservation based on the above analysis, 180
and N e represents the total number of enriched motifs per module. 181
Lastly, we validated each module by finding consistency between the functional annotations 182 enriched in the module genes and the annotations associated with the enriched TFBS 183 (deduced from YEASTRACT). First, GO enrichment was performed on the target genes from 184 each module using MIPS Funcat (Ruepp et al., 2004) with the Fg genome as a reference. We 185 then assigned functional annotations to each module by selecting the most highly enriched 186 GO terms for each module. The annotations of the conserved enriched TFBS from each 187 module were retrieved from YEASTRACT and compared to the GO terms enriched in the 188 module genes. Following this analysis, we scored the module annotations matched with motif 189 annotations as either 0 (no match) or 1 (match). We combined the scores from the above five 190 between modules and phenotypes. We calculated a score called the association index (AI) for 196 each module-phenotype association using multiple variables. The first variable (W ir ) was the 197 weight of the regulators derived from the number of conditions affected by the regulators 198 specified by the regulation tree (Table S3 ). The number of experiments affected by each 199 regulator in each module was used to obtain W ir (the weight of each regulator in each 200 module; i =2, 3, 4...49 for modules M02, M03, M04…M49 and r =1, 2, 3...R for regulator 1, 201 regulator 2, regulator 3…regulator R) according to the ratio of the number of experiments 202 affected by the regulator. N ir indicates the number of conditions affected by the r-th regulator 203 in the i-th module. W ir (0~1) was calculated as follows: 204
(1) 205
We then computed AI for each module-phenotype combination. Using the variable X irj , 206 which could take a value of 0, 1 or -1, we could represent the influence of any regulator on a 207 specific phenotype; the values 0, 1 and -1 indicated that the corresponding r-th regulator in 208 the i-th module has no effect on, enhances or reduces, respectively, the j-th phenotype (Table  209 S4). We calculated the AI (P ij ) by multiplying the influence of regulator r on a phenotype j, 210 denoted as X irj , by the weight of the corresponding regulator W ir and finally summing the 211 product of all the regulators (R) in the module. 212
(2) 213
Association mining 214
We created a correlation matrix of all modules based on phenotype associations. First, we 215 filtered out minor associations (AI < 0.3) to capture major module-phenotype associations. 216
The Pearson correlation coefficient (PCC) of each pair of modules was calculated and used to 217 create a PCC matrix using the association indexes of the modules across phenotypes. 218
Hierarchical clustering was used to find module clusters that are likely to contribute to similar 219 phenotypes. Each cluster was subjected to detailed downstream examination. 220
Network compartmentalization analysis 221
We identified 9,700 orthologous genes as core genes conserved among the three Fusarium 222 sister species Fg, F. verticillioides and F. oxysporum (Ma et al., 2010) . In total, 3,600 Fg 223 genes lacking orthologous sequences in the sister species were loosely defined as Fg lineage-224 specific (LS) genes. We compared the observed ratio of LS and core genes in each predicted 225 regulatory module to the expected ratio for the Fg genome using two-tailed Fisher's exact test 226 to determine whether there is an enrichment of LS or core genes. A threshold p-value < 0.05 227 was applied to determine whether the module was enriched (either LS or core) or not (mix). 228
Network visualization 229
Cytoscape (version 3.6.1) (Shannon et al., 2003) and Gephi (version 0.9.2) (Bastian et al., 230 2009) were used for network visualizations. For building weight-based networks, modules 231 and regulators are presented as nodes, and the weight of the regulator (W ir ) in each module 232 was used as the connection value for the edges. For phenotype-module networks, association 233 indexes were used as the connection value of the edges. 234
Fusarium graminearum module network inference 240
To infer condition-specific TRNs in Fg, we applied the module network algorithm (Segal et 241 al., 2003) to a public dataset of Fg transcriptomic profiles spanning 67 different experimental 242 conditions, including sexual reproduction and plant infection (Table S1 ). In addition, we used 243 a set of candidate regulators consisting of 170 TFs that were previously functionally 244 associated with key fungal phenotypes available in FgTFPD (Fg TF phenotype database) 245 S1). Overall, we predicted 117 regulators for 48 modules in Fg. The average numbers of 254 target genes and regulators for each module are 268 and 7, respectively, with standard 255 deviations of 212.43 and 1.24, respectively ( Fig. 2b and 2c ). The regulator-module 256 association network ( Fig. 2d ) showed that 42 regulators were associated with only one 257 module and that 75 regulators were associated with two or more modules. Five regulators 258 including two ASPES proteins FGSG_04220 (13) and FGSG_10384 (7), a C2H protein 259 FGSG_07052 (7), an HMG protein FGSG_01366 (8) and a Zn 2 C 6 DNA binding protein 260 FGSG_08626 (7) function as hub regulators associated with the greatest number of modules 261 ( Fig. 2d ). Unsurprisingly, these regulators are highly pleiotropic, especially FGSG_04220 262 and FGSG_10384, whose deletion mutants are defective in the majority of phenotypes 263 assayed (Table S2 ) (Son et al., 2011) . 264
Validation using prior knowledge proves the high credibility of Fg module networks 265
Following the network inference, we assessed its reliability based on its consistency with 266 prior knowledge. We scored each module by evaluating its performance based on multiple 267 pieces of evidence, including regulator phenotypes, experimental conditions, gene 268 annotations and cis-regulatory elements (Materials and Methods). A module was considered 269 high-confidence, moderate-confidence or low-confidence depending on the validation score 270 (Table S7 ). After discarding 16 modules for which there was little evidence, we identified 14 271 high-confidence, 13 moderate-confidence and 6 low-confidence modules. Overall, the high-272
and moderate-confidence modules account for 81.8% of the evaluable modules (Table S7),  273 showing that our network inference has achieved a high degree of credibility. The following 274 are examples of validation results that indicate the high credibility of our predicted 275 modules. 276
High concordance between regulator phenotypes and condition-specific gene regulation 277
Transcriptional regulators and their target genes are usually involved in the same biological 278 processes. Based on this general premise, we validated all predicted modules by evaluating 279 the concordance between the phenotypes associated with the top regulators in each module 280 and our predicted condition-specific regulation using TF-phenotype associations and 281 expression data associated with the experimental conditions. Since our predicted regulatory 282 programs specify the regulators and the conditions under which the regulation occurs, the 283 inferred relationship is accurate if a regulator associated with a phenotype and its target genes 284 are both activated or suppressed under the experimental conditions that result in the 285 phenotype. For simplicity and clarity, we focused our validation on the three largest groups of 286 experimental conditions included in our data: sexual reproduction, plant infection and 287 secondary metabolism (Table S1 ); these groups correspond to the sexual reproduction, 288 virulence and mycotoxin (DON and ZEA) production phenotypes in FgTFPD, 289 respectively. We found that in 45 of 48 modules with predicted regulators (Table S6) , the top 290 regulator has an effect on one or more of the phenotypes associated with sexual reproduction, 291 virulence (plant infection) or mycotoxin production (secondary metabolism). In 34 of the 45 292 modules, the top regulator activates or suppresses the target genes under experimental 293 conditions related to specific phenotypes (Table S7) . Three specific examples, each 294 concerning a phenotype, are provided below. 295
Firstly, in 76% of the modules whose top regulators are associated with sexual reproduction, 296 regulation of the module genes by the top regulator was found under at least one sexual 297 reproduction condition; for over 50% of the modules, the regulation occurred under half of 298 the corresponding conditions (Table S7 ). For example, the top regulator of M30 299 (FGSG_06356) is essential for sexual reproduction. Our prediction showed that this TF and 300 M30 genes were highly expressed under all sexual reproduction conditions. Secondly, in 57% 301 of modules whose top regulators are associated with virulence, regulation of the module 302 genes by the top regulator was found under at least one plant infection condition, and in 303 nearly 30% of these modules, regulation occurred under half of the plant infection conditions 304 (Table S7 ). For example, the top regulator of M16 (FGSG_07928) is essential for virulence, 305 essential for DON production, and our prediction showed that FGSG_03538 and the M46 311 genes were highly expressed under all mycotoxin induction conditions. In summary, 24 of the 312 32 predicted top regulators (75%) for 34 of the 48 predicted modules (70%) showed high 313 concordance between the regulator phenotype and condition-specific gene regulation. 314
Most predicted regulatory modules have functionally conserved TF binding sites 315
TFs regulate genes via binding to upstream cis-regulatory gene regions. Co-expressed genes 316 (e.g., genes in the same regulatory module) typically share TF binding sites (TFBS) that are 317 recognized by one or more TFs. Therefore, we validated the predicted Fg (Fg) network 318 modules by finding enriched TFBS in each module. Using the MEME algorithm, we first 319 identified the top five enriched motifs (E-value < 0.05) within 500 bp upstream of the coding 320 sequences for all Fg genes within a module (Table S7 ). Overall, 47 of 49 modules (96%) 321 have significantly enriched motifs, and 34 (70%) have at least three enriched motifs (E-value 322 <0.05). We then compared these significantly enriched motifs with the budding yeast S. 323 cerevisiae (Sc) TFBS database YEASTRACT using Tomtom to functionally annotate these Fg 324 motifs using conserved Sc motifs ( Fig. 3 ; Table S8 ). To determine whether the enriched 325 motifs were consistent with the biological functions of each module, we identified the most 326 significantly enriched GO terms for each regulatory module ( Fig. 3 ; Table S9 ) and compared 327 the GO terms with the functional annotations of the significantly enriched Fg motifs. We 328 found that the functional annotations of 27 of the 49 modules (55%) matched in the enriched 329 between M46 target genes and one of their enriched TFBS (Yrm1p) (Fig. 3) ; both are related 331 to detoxification and multidrug resistance. This is consistent with the fact that M46 was 332 highly associated with the mycotoxin production phenotype, as shown in later sections. 333
Secondly, to examine whether the functional conservation in TFBS was achieved through the 334 conservation of regulator genes, a BLASTp search was conducted in which predicted Fg 335 regulators were searched against the Sc genome to identify orthologous regulators (E-value < 336 1e-5). We then compared these yeast regulator orthologs with the Sc TFs derived from the Sc 337 TFBS homologous to the enriched Fg TFBS. By overlapping the regulators identified in the 338 two separate analyses, 10 different regulators regulating 36 modules (Table S11) were found, 339
suggesting that not only did the predicted Fg regulators in 70% of the modules have 340
conserved Sc homologs but also that conserved TFBS are likely associated with these fungal 341 TF homologs. For example, motif enrichment shows that modules M06, M24, and M38 were 342 enriched in a common TFBS (Azf1p) that is likely bound by YMR019W in Sc. One of the 343 predicted regulators of module FGSG_08028 was orthologous to YMR019W (E-value = 344 1.46e-7). Another example is M39; this module is enriched in TFBS (Ace2p), which is likely 345 bound by YLR131C in Sc. Interestingly, one of the predicted regulators of module 346 FGSG_01341 is orthologous to YLR131C (E-value = 3.34e-17). The YEASTRACT database 347 showed that this conserved TFBS and TF are involved in the biogenesis of cellular 348 components, and this was captured by the GO enrichment for Fg module genes. 349
Predicted regulatory modules captured the best-known TRN model in Fg 350
The best-understood model of a transcriptional regulation network in ChIP-Seq (Nasmith et al., 2011) and found that 34%, 22% and 11.3% of our module genes 362 were included in the ΔTri6 and ΔTri10 down-regulated genes and Tri6 ChIP-seq targets, 363 respectively ( Fig. 4b ). Most of the overlapped genes were Tri-cluster genes. Furthermore, GO 364 enrichment showed that this module was enriched in terms such as "secondary metabolism", 365 "detoxification involving cytochrome P450", "sesquiterpenes metabolism", "isoprenoid 366 metabolism", and others ( Fig. 4c) , consistent with the idea that this module regulates both 367 primary and secondary metabolism as well as self-protection by Tri10 and Tri6 (Tag et al., 368 2001) . Notably, our prediction specified that the target genes were activated by Tri10 and 369
Tri6 during wheat and barley head infection, wheat coleoptile and crown rot infection, and 370 toxin-inducing conditions but suppressed during sexual reproduction. In addition, M46 371 captured the full eight-gene cluster (FGSG_08077 ~ FGSG_08084) for the biosynthesis of 372 the Fusarium mycotoxin butenolide, which is toxic to animals (Liu et al., 2007) . We 373 predicted that this gene cluster is regulated by Tri6 and Tri10, providing further evidence that 374 the two TFs might be global regulators of secondary metabolism including trichothecene 375 production, as previously reported (Seong et al., 2009; Nasmith et al., 2011) . majority of modules were associated with multiple phenotypes. Under a threshold of AI > 384 0.3, we removed minor associations and clarified the primary associations between modules 385 and different phenotypes and built module-phenotype association networks (Fig. 5b ). We 386 found that sexual reproduction (49), mycelial growth (33), mycotoxin production (31) and 387 virulence (30) were associated with the largest numbers of modules. 388
Regulatory modules typically work as groups to control cellular functions. Therefore, we 389 investigated the relationships among different modules with respect to their contribution to 390 phenotypes. We measured the correlation among all modules by calculating the pairwise 391
Pearson correlation coefficients (PCC) and then performed hierarchical clustering of the 392 modules based on their PCCs. The analysis identified five major clusters of gene modules; 393 each cluster showed a distinctive pattern of association with phenotypes ( Fig. 5c ). Cluster I 394 included four modules (M34, M39, M30 and M48) in which sexual reproduction and 395 mycotoxin production are major phenotypes as well as modules M34 and M39, which are 396 mildly linked to mycelial growth and/or virulence. Cluster II contained 12 modules (M23, 397 M44, M06, M40, M38, M33, M03, M15, M10, M18, M07 and M11) that are all linked to 398 mycelial growth, sexual reproduction, mycotoxin production and virulence. Cluster III was 399 composed of 11 modules (M13, M17, M37, M45, M41, M36, M46, M02, M12, M09, and 400 M35) that are associated with pigmentation, in addition to other phenotypes. Overall, the 401 phenotype associations of Clusters I to III were dominated by sexual reproduction and toxin 402 production, and M30, M48, M36, M46, M12 and M02 were exclusively associated with these 403 two phenotypes . Cluster IV contained eight modules (M28, M43, M24, M49, M22, M47,  404 M04, and M08) whose phenotype associations were dominated by sexual reproduction and 405 virulence and two modules that were exclusively associated with virulence. Cluster V 406 contained 13 modules (M29, M32, M19, M05, M25, M20, M27, M42, M16, M26, M31, 407 M14, and M21) associated with mycelial growth. However, except for the fact that M27 and 408 M42 were mostly associated with mycelial growth and sexual reproduction, no phenotype 409 associations were dominant. 410
TRN subnetworks that control key fungal phenotypes 411
From the association analysis results, we built subnetworks of Fg controlling virulence, 412 sexual reproduction and mycotoxin production ( Fig. 6 ). In these subnetworks, the nodes 413 represent top regulators and modules, and the edges represent regulatory relationships 414 weighted by the degree of the regulator's influence on the module. 415
Sexual reproduction TRNs 416
Sexual reproduction is critical for Fg, which produces ascospores as the primary inocula in 417 the field. Based on the association index, we identified 10 modules (M30, M28, M24, M49, 418 M22, M47, M04, M08, M27 and M42) that are highly associated with sexual reproduction 419 and that have an association index of over 50% for all phenotype associations (Fig. 5c ). The 420 top regulators of the 10 modules were all essential for normal development of perithecia, and 421 most act as positive regulators. For example, FGSG_04480 and FGSG_08890, the two top 422 regulators of M08, activated target genes during sexual development ( Fig. S1-8) . 423
Interestingly, FGSG_08890 is a mating-type locus gene (MAT-1-3) and therefore potentially 424 contributes to fungal mating by regulating sexual reproduction-related gene modules. In 425 contrast, the two TFs FGSG_06356 and FGSG_09308 are negative regulators of sexual 426 reproduction. For example, FGSG_06356, which is negatively associated with sexual 427 development (Son et al., 2011) , was predicted as a top regulator for M30 and M42. 428
Consistently, our regulation program for M30 predicted that FGSG_06356 acts as a 429 suppressor of M30 genes during sexual development ( Fig. S1-30 ). Likewise, FGSG_09308 430 was predicted as a suppressor of M22 ( Fig. S1-22) , consistent with its previously reported 431 phenotype. In addition, some regulators that had connections with many modules acted as 432 hub regulators in sexual reproduction-associated networks, including FGSG_04220, 433 FGSG_00318, FGSG_01366, FGSG_13314, FGSG_07052, FGSG_08626 and FGSG_10384 434 ( Fig. 6a ). Unsurprisingly, mutants in which these regulators are disrupted display defective 435 sexual development (Table S2) . 436
Virulence TRNs 437
Fg is a pathogen of wheat and barley. To understand the transcriptional regulatory circuits in 438
Fg infection, we built a network of gene modules and the top regulators associated with 439 virulence using an AI threshold of > 0.3 (Fig. 6b ). In total, 30 modules were associated with 440 virulence (Fig. 5c ); 5 of these (M06, M24, M49, M47 and M16) had the highest association 441 with virulence, which contributed 25% to 45% of their phenotype associations. Four of the 30 442 modules, FGSG_04220, FGSG_07052, FGSG_08028 and FGSG_10384, were hub regulators 443 of virulence. FGSG_08028, the top regulator for M06, M24 and M49, activated genes of the 444 three modules during wheat plant infection. The previous report that a disruption mutant of 445 FGSG_08028 loses pathogenicity but appears normal with respect to other phenotypes (Son 446 et al., 2011) and our prediction that FGSG_08028 participates only in the virulence-447 associated TRN (Fig. 6b ) suggest that this TF might exclusively regulate virulence. Notably, 448 both positive and negative regulators were found in the virulence TRNs. For instance, 449 regulators positively regulating M47 genes under plant infection conditions ( Fig. S1-47 ). 451
Mutants of these TFs display abnormal development of perithecia and ascospores, consistent 452
with their presence in the sexual reproduction TRN (Fig. 6a ). On the other hand, the top two 453 regulators of M16, FSGG_07928 and FGSG_09019, negatively regulate M16 gene 454 expression during plant infection. However, disruption mutants of these TFs are 455 nonpathogenic to wheat. GO enrichment of the M16 genes suggested that the module is 456 highly enriched in anti-apoptosis processes. Loss of the function of its two main suppressors 457 might contribute to decreased fungal apoptosis during infection, which is generally 458 considered to be beneficial to pathogens during infection (Shlezinger et al., 2011) . We further 459 compared our predicted regulators with 70 existing genes reported in PHI-base whose 460 mutants showed reduced or lost virulence (Urban M et al., 2017) to identify overlapped 461 genes. Among these 70 virulence-associated genes reported in PHI-base, 63 were found in 462 our total predicted regulators, 44 of which were included in virulence TRNs modules (Table  463 S13), suggesting our network prediction has resulted in a virulence regulatory network that 464 captured the majority (63%) of the known Fg virulence-associated genes in public domain. 465
Mycotoxin TRNs 466
Fg produces toxic secondary metabolites, including DON and ZEA, that are harmful to 467 livestock and to humans who consume the mycotoxin-containing maize products. The 468 regulatory networks involved in fungal mycotoxin production are still poorly understood. 469
Here, we found 31 TRN modules that were associated with mycotoxin production under the 470 AI index threshold of 0.3 (Fig. 6c ); six of these (M02, M12, M36, M46 and M48) were 471 highly associated with mycotoxins in 55% ~ 85% of all phenotypic associations (Fig. 5c ). 472
The majority of the Tri-cluster was captured by another mycotoxin-associated module, 473 mycotoxin-associated modules. Not surprisingly, disruption mutants of these regulators show 476 abnormal production of DON and ZEA (Table S2) . Two of them, FGSG_05399 and 477 FGSG_10157, are negative regulators of DON and ZEA, respectively. In addition, we 478 predicted FGSG_05399 as the top negative regulator of M02 in the mycotoxin production 479 and plant infection stages. Interestingly, GO enrichment suggested that the M02 genes are 480 highly enriched for isoprenoid metabolism, which generates the precursors of trichothecenes. 481 Although M02 did not include genes in the Tri-cluster, it contained a deacetylase gene, 482 FGSG_03544, that is located near the Tri-cluster and is co-expressed with Tri-cluster genes 483 (Sieber et al., 2014) . 484
Fg module networks have core and lineage-specific (LS) compartments 485
A key question in evolution is how newly acquired genes or chromosomes integrate with 486 existing or ancestral genomes in an organism and how the regulatory networks carried by two 487 distinct compartments, i.e., the ancestral and the novel genetic materials, are accommodated 488 to ensure the stability of the newly formed genome and its regulation during speciation. 489
Previous comparative genomic analysis suggested that the Fg genome can be roughly divided 490 into core and LS (Guo et al., 2016) . To determine whether our predicted Fg module networks 491 have a compartmentalized organization, we applied Fisher's exact test to the genes in each 492 module and identified modules significantly enriched for core and LS genomic regions. We 493 found that eight modules (M06, M09, M25, M27, M34, M38, M46 and M48) showed 494 significant enrichment of genes from LS regions, while 24 modules were enriched with genes 495 from core regions (Fig. 7) . Phenotypically, these eight LS modules were primarily associated 496 with mycotoxin production, virulence and sexual reproduction (Fig. 6) . Interestingly, among 497 the 117 predicted regulators, only ten were located in LS regions. However, we found that 498 four of them (FGSG_01327, FGSG_03536, FGSG_03538, and FGSG_08028) were 499 exclusively associated with LS modules and that six were associated with other modules. 500
Fisher's exact test showed these ten LS regulators showed a significant bias of regulator-501 module association towards core or LS genomic regions (P-value < 0.05). FGSG_03536 502 (Tri6) and FGSG_03538 (Tri10) were the top two regulators of the LS module M46 (Fig. 4a) , 503 and FGSG_08028 was the top regulator of the LS modules M06 and M38. These four LS 504 regulators, together with their associated LS modules, might be horizontally acquired and 505 may have contributed to the speciation of Fg via specifically regulating the fungal 506 biosynthesis of specific mycotoxins or plant infections. Lastly, a reciprocal regulation was 507 found for regulators and modules across the LS and core genomes (Table S14 ), suggesting 508 that there is communication between core and LS genomic regions and reflecting the 509 evolutionary signature of regulatory programs involving both vertically and horizontally 510 acquired gene regulatory elements. 511
DISCUSSION 512
GRNs are the heart of every cellular function. Given its high complexity, the complete 513 reconstruction of GRNs in multicellular organisms remains a daunting task. Traditional 514 reductionist approaches and gene co-expression analysis have failed to solve this challenge in 515
Fg. Here, we used a module network algorithm (Segal et al., 2003) to reconstruct Fg TRNs. 516
The module network algorithm, which is a probabilistic method built on a Bayesian networks 517 model, is ideal for dealing with noisy data such as gene expression profiles. Importantly, its 518 strong performance in predicting dynamic and condition-specific gene regulation from large 519 transcriptome datasets has been demonstrated (Segal et al., 2003) . Furthermore, this TRN 520 inference used phenotype-associated TFs as candidate regulators, allowing us to pinpoint the 521 comprehensive but coarse, focusing on the master regulatory networks that control generic 523 cellular functions. Lastly, we used phenomic data from TF knockout mutants as well as 524 transcriptome data to discover phenotypically specific regulatory networks. 525
Given such technical advantages, the TRNs inferred here present two major improvements 526 compared to previous GRNs. First, the TRNs predicted in this work improved the network 527 resolution compared to our previous GRNs which inferred 120 regulators, each regulating 528 329 genes on average (Guo et al., 2016). In comparison, each module in the new TRNs 529 contains an average of 268 genes and 7 regulators, significantly improving the network 530 resolution. Previous GRNs predicted 44 transcription factors as regulators, while the TRNs 531 yielded 117 TFs as regulators, suggesting the new TRNs found more regulators and therefore 532 increased the resolution of regulatory networks involving TFs. Second, the TRNs are 533 dynamic networks that specify the conditions under which a particular regulation occurs, 534 unlike previous static GRNs. For example, we found that the TRNs of this work and previous 535
GRNs shared eight regulators (Table S15 ). For these eight regulators, this TRN produced a 536 dynamic network model that specifies the conditions under which a particular regulation 537 occurs, while in previous static GRNs no such information existed. Third, we developed a 538 new computational method for establishing associations between key fungal phenotypes and 539 predicted network modules, while previous co-expression networks and GRNs lack any such 540 association. The module-phenotype associations suggest that cellular phenotypes are most 541 often controlled by complex networks of gene modules. Our association mining analysis also 542 revealed major groups of modules that contribute primarily to specific fungal phenotypes, 543
suggesting that biological processes in fungi are controlled by multiple intertwining gene 544 modules. Finding the links between regulatory modules and phenotypes enriches our 545 understanding of how fungal cells control their activities and, importantly, informs targeted 546 approaches for suppressing specific gene modules and key regulators for disease control. 547
The TRN inference in this study significantly improves our understanding of transcriptional 548 regulation in Fg. In previous functional studies, many TFs critical for fungal biology have 549 been characterized. However, little is known about what target genes they regulate, which 550 networks they use to regulate cellular functions, and, more importantly, when the regulation 551 occurs and how it changes when the environment is altered. We identified 49 TRN modules 552 in Fg. Each module represents a regulatory program in which a set of TFs regulates a number 553 of target genes, and the hierarchical organization of these TFs reflects their influence on the 554 module. Our biological validations suggested that our TRN inference achieved overall high 555 performance and that it successfully associated TFs and their target genes. Importantly, our 556 inference reveals the conditional specificity, the direction (positive vs. negative) and the 557 strength of gene regulation, factors that are not addressed in previous Fg network studies. 558
Fg is a pathogenic fungus that is capable of producing harmful mycotoxins. Sexual 559 reproduction plays a vital role in generating inocula for fungal infection. Therefore, 560 understanding the regulatory networks that control virulence, sexual reproduction and 561 mycotoxin production is a priority for research on Fg systems biology. For the first time, we 562 identified TRN subnetworks in filamentous fungi that control three Fg phenotypes. Unlike 563 studies that have focused on the contribution of a single gene or a set of co-expressed genes 564 to phenotypes, we reconstructed TRN subnetworks that are strongly associated with each 565 phenotype. The three subnetworks depicted the dynamic regulation of gene modules that are 566 highly associated with each of the phenotypes. This work provides the best knowledge to date 567 of the transcriptional regulation involved in these processes in Fg and lays an important 568 foundation for further systems biology studies in the fungus. We previously reported that 569 there appears to be a compartmentalization of Fg GRNs in core and LS genomic regions. The 570
TRNs inferred here confirmed such compartmentalization but also provided novel insights 571 into how the regulatory modules are organized into the core and LS compartments based on 572 our identification of 8 and 24 modules that are significantly enriched in target genes from the 573 LS and core genome regions, respectively. The top regulators in four of the eight LS-enriched 574 modules are located in the LS genome, suggesting that the regulatory circuits associated with 575 LS modules were very likely acquired with LS genome regions but that over time at least part 576 of these acquired circuits were integrated into the ancestral circuits carried by the fungus. tested for enrichment of LS and core genes using two-tailed Fisher's exact test. The dot plot 782 summarizes the enrichment results; the X axis shows the module, the Y axis shows the test P-783 value for each module (-log10 transformed), and the solid horizontal line represents the 784 threshold (P-value < 0.05). The color of the dot denotes the enriched compartment (green: 785 LS; red: core; blue: not enriched) for each module. The size of the dot is proportional to the 786 ratio of LS to core genes in each module. 787
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